In this paper, we use macrovariables advocated by recent authors to make out-of-sample forecast for returns on individual stocks and then sort stocks equally into ten portfolios on this proxy of conditionally expected returns. The average returns increase monotonically from the first decile (stocks with the lowest expected returns) to the tenth decile (stocks with the highest expected returns), and the difference between the tenth and first deciles is a significant 4.8 percent per year. While these portfolios pose a challenge to the CAPM, they appear to be explained by Carhart's (1997) four-factor model. Our results indicate that the CAPM anomalies might not be attributed entirely to data snooping or irrational pricing because they are correlated with systematic movements of the macrovariables that forecast stock market returns.
state that the capital asset pricing model (CAPM) of Sharpe (1964) and Lintner (1965) does not explain the cross section of stock returns. In particular, three CAPM anomalies-the size and value premiums (e.g., Fama and French [1993] ) and the momentum profit (e.g., Jegadeesh and Titman [1993] )-pose a serious challenge to the existing asset pricing theories. The debate is not about the failure of the CAPM, per se, given that we have learned from the classic work of Merton (1973) that the CAPM holds only under the unrealistic assumption of constant investment opportunities. Financial economists, however, disagree on the sources of the deviations from the CAPM. For example, while Fama and French (1996) advocate Merton's intertemporal CAPM (ICAPM) interpretation for the size and value premiums, others (e.g., Lakonishok et al. [1994] and MacKinlay [1995] ) argue that they are the results of irrational pricing or data snooping. Similarly, both rational (e.g., Berk et al. [1999] and Johnson [2002] ) and behavioral (e.g., Daniel et al. [1998] and Hong and Stein [1999]) explanations have been advanced for the momentum profit.
The CAPM also fails to explain the time-series variations of stock market returns since many early authors (e.g., Campbell [1987] and Whitelaw [1994] ) find a weak or even negative risk-return relation in the stock market. Guo (2003a) recently suggests that the early results reflect a classic omitted variable problem: Stock market volatility is indeed positively and significantly correlated with future returns if we also include the consumption-wealth ratio proposed by Lettau and Ludvigson (2001a) in the forecasting equation.
1 More importantly, in sharp contrast with Bossaerts and Hillion (1999) , Ang and Bekaert (2003) , and Goyal and Welch (2003) , who find negligible out-of-sample stock return predictability using conventional forecasting variables, Guo (2003a) shows that volatility and the consumption-wealth ratio predict stock market returns out of sample. These results suggest two things: (1) Although important, stock market volatility by itself does not provide an adequate description for the dynamic of stock market returns and (2) investment opportunities change over time.
In this paper, we investigate, as conjectured by Fama (1991) , whether there is a link between the CAPM anomalies and the time-series stock return predictability. In particular, we try to understand the sources of variations of the cross-sectional average returns by forming portfolios on conditionally expected returns. Our approach is directly motivated from recent theoretical works by Campbell (1993) , Berk et al. (1999) , Johnson (2002) , Gomes et al. (2003) , Zhang (2003) , and Dai (2003) , among others, who argue that the CAPM anomalies are related to the cross section of conditional returns. For robustness, we do not impose any restrictions on the structure of the risk factors; instead, we assume that, as in Ferson and Harvey (1999) , some predetermined macrovariables are able to capture a significant portion of variations of expected returns for individual stocks. As mentioned above, the cross-sectional variations of returns on portfolios sorted on characteristics such as capitalization and the book-to-market ratio are consistent with many alternative hypotheses, e.g., irrational pricing and data snooping, in addition to ICAPM. In contrast, our approach of sorting stocks on the sensitivity to predetermined macrovariables is not vulnerable to these criticisms and thus provides a powerful test for the CAPM versus ICAPM. 2 This is the main motivation of our paper.
risk and liquidity premiums, respectively. The forecasting ability of the consumption-wealth ratio is also consistent with other rational pricing models, e.g., the habit formation model by Campbell and Cochrane (1999) .
2 Jagannathan and Wang (1996) , Lettau and Ludvigson (2001b) , Ang and Chen (2003) , and Petkova and Zhang (2003) , among others, argue that the CAPM might hold conditionally but not unconditionally because beta might covary with the equity premium. However, this issue is much less pronounced if relevant at all for the portfolios analyzed in this paper because under the null hypothesis of the CAPM, sorting on conditionally expected returns is equivalent to sorting on conditional beta. Also, Lewellen and Nagel (2003) argue that the covariances between betas and the equity premium have very small effects on asset pricing.
At the end of a quarter, we make a one-quarter-ahead out-of-sample forecast for each stock using the macrovariables advocated by Lettau and Ludvigson (2001a) and Guo (2003a) .
Stocks are then sorted on this forecast equally into ten portfolios, ranging from the portfolio of stocks with the lowest expected returns (first decile) to the portfolio of stocks with the highest expected returns (tenth decile), and the portfolios are held over the next two quarters. 3 Our forecasting variables provide a decent description for the time-series variations of individual stocks: The cross-sectional average of the adjusted R-squared has a sample mean of 8.7 percent over the period 1954:Q3 to 2002:Q4. More importantly, the average portfolio returns increase monotonically from the first decile to the tenth decile and the difference between the two is a significant 4.8 percent per year. Although substantially attenuated, the return on our strategy of buying expected winners and selling expected losers remains statistically significant after we control for past raw returns. The momentum strategies sorted on predicted returns and raw returns, respectively, are thus related but distinct phenomena possibly because loadings on the other risk factors also affect expected returns. Indeed, while the portfolios formed on predicted returns pose a challenge to the CAPM, they are significantly correlated with and thus better explained by the Fama and French (1993) three-factor model augmented by a momentum factor, as advocated by Carhart (1997) . Our results are consistent with an ICAPM interpretation for the CAPM anomalies: We cannot attribute them entirely to data snooping or irrational pricing because they are correlated with systematic movements of macrovariables that forecast stock market returns.
Our paper is closely related to Guo (2002) , who estimates a variant of Campbell's (1993) ICAPM using the same forecasting variables as in this paper and finds that it explains the value 3 The difference between returns on the tenth and first deciles is two standard deviations above zero for the holding periods from one to five quarters; it becomes statistically insignificant for longer holding periods.
premium and the momentum profit significantly better than the CAPM does. In this paper, however, we address the same issues from a different perspective, namely, uncovering the sources or mechanisms of "abnormal" returns at the individual stock level. Our paper is also closely related to Chordia and Shivakumar (2002; CS, hereafter) , who argue that the momentum is completely explained by the cross-sectional variations in the expected component of past returns. However, unlike CS, we find that the momentum is related to, but not completely explained by, the cross-sectional variations of conditionally expected returns. This difference mainly reflects the fact that we use quarterly data and, especially, that our forecasting variables appear to have better out-of-sample predictive power than conventional variables used in CS, including the dividend yield, the term premium, the yield on the three-month Treasury bill, and the default premium. 4 Our results thus should provide an additional insight on the relation between the momentum and conditionally expected returns. 5 Recent authors, e.g., Brennan et al. (2003) and Campbell and Vuolteenaho (2003) , have also stressed the importance of the connection between the time-series and the cross-sectional variations of stock returns.
The remainder of the paper is organized as follows. We briefly discuss theoretical motivations in Section I and explain the data in Section II. The empirical results are presented in Section III and some concluding remarks are offered in section IV. 4 We use quarterly data because the consumption-wealth ratio is reliably available on a quarterly basis. More importantly, stock returns exhibit stronger predictability in quarterly data than in monthly data, as used by CS. However, we find that the momentum profit obtained from quarterly return data is very similar to that obtained from monthly return data. 5 Cooper et al. (2003) show that the results of CS are sensitive to microstructure concerns. Also, Chen (2002) and Griffin et al. (2003) find that the forecasting variables in CS do not explain the momentum in multi-factor models. In contrast, our results appear to be realistic: Given that the momentum is only one of the priced risk factors, a stock might have relatively high expected returns because of its relatively high loadings on stock market returns, for example. Indeed, we find that the market risk, the size and value premiums, and the momentum all make positive contributions to the trading profit of buying expected winners and selling expected losers. In other words, the double-sort analysis in CS does not provide a test for the momentum profit and thus should be interpreted with caution.
I. Time-Series and Cross-Sectional Expected Stock Returns
From the classic work of Merton (1973) , we know that a hedge for time-varying investment opportunities may have important effects on asset prices. In this section, we use a variant of Campbell's (1993) discrete-time ICAPM to briefly discuss the relation between the time-series and cross-sectional expected stock returns, which we investigate in this paper. 
This relation, which was first advocated by Merton (1980) , justifies the use of realized volatility as a forecasting variable for stock market returns and has been intensively investigated in the 7 However, Zhang (2003) Conditional covariances are usually difficult to measure, and, more importantly, financial economists have not agreed on which factors should be included in equation (3) yet. However, Campbell's ICAPM suggests that we can circumvent these difficulties by using out-of-sample forecasts based on equation (2) as a proxy for conditionally expected returns. In particular, we sort stocks on conditionally expected returns into ten portfolios, ranging from the portfolio of stocks with the lowest expected returns (first decile) to the portfolio of stocks with the highest expected returns (tenth decile). Under the null hypothesis of the CAPM, as in equation (5), sorting stocks on expected returns is theoretically equivalent to sorting stocks on conditional beta, as in Fama and MacBeth (1973) , for example. The cross-sectional variations of the average returns on these portfolios should thus be explained by their covariances with stock market returns. As mentioned in footnote 2, recent authors argue that we might reject the unconditional CAPM even though it holds conditionally because beta may co-move with the equity premium.
For example, Lettau and Ludvigson (2001b) argue that value stocks are riskier during economic downturns than during economic upturns. This criticism, however, should be much less pronounced for our portfolios because they are directly sorted on betas under the null hypothesis of the CAPM. Alternatively, if the value and size premiums, for example, are also priced factors, a stock has a relatively high expected return also because it has relatively high covariances with these additional risks. In this case, the returns on the portfolios sorted on conditionally expected returns also reflect the dispersion of loadings on the other risk factors and thus cannot be explained by the CAPM.
Many early authors, e.g., Fama and French (1993) , have tested the CAPM using portfolios sorted on various characteristics, such as capitalization and the book-to-market value ratio. In particular, Fama and French (1993) and many others find that the resulting portfolio strategies, namely, the size premium (SMB) and the value premium (HML), exhibit statistically and economically significant deviations from the CAPM. 8 However, MacKinlay (1995), among
others, argues that we should be cautious about these empirically motivated anomalies because they are vulnerable to the criticisms of data snooping. More importantly, while Fama and French (1996) advocate an ICAPM interpretation for the size and value premiums, the characteristicbased risk factors are admittedly ad hoc; for example, the CAPM anomalies might also be consistent with irrational pricing (e.g., Lakonishok et al. [1994] ). In contrast, sorting stocks on conditionally expected returns is directly motivated from ICAPM and thus not vulnerable to the criticisms of data snooping and irrational pricing; therefore, it should provide a powerful test for the CAPM versus ICAPM. Our empirical specification is also consistent with the theoretical works by Berk et al. (1999 ), Johnson (2002 , Gomes et al. (2003) , Zhang (2003) , and Dai (2003) , among others, who attribute the CAPM anomalies to the cross-sectional variations in conditionally expected returns.
II. Data
As in Guo (2003a), we use the consumption-wealth ratio, realized stock market variance, and the stochastically detrended risk-free rate to forecast stock returns. As mentioned in footnote 1, the forecasting ability of the consumption-wealth ratio and realized stock market variance is consistent with rational pricing models. Also, Patelis (1997) suggests that variables such as the stochastically detrended risk-free rate forecast stock returns because these variables reflect the stance of monetary policies, which have state-dependent effects on real economic activities through a credit channel (e.g., Bernanke and Gertler [1989] ). To be consistent with Campbell's ICAPM, we also add excess stock market returns as an additional forecasting variable, as in equation (2); however, we obtain very similar results if we drop it from the forecasting equation.
There is, however, an important conceptual issue of using the consumption-wealth ratio-the error term from the cointegration relation among consumption, wealth, and labor income-as a forecasting variable. In particular, following the early authors, we use the consumption-wealth ratio estimated using the full current vintage data, although practitioners might need to estimate the cointegration vector using information available at the time of forecast and consumption and labor income data are subject to revisions. This approach, which is consistent with rational expectations models, is appropriate for the purpose of this paper, in which we address the question "Are Expected Excess Returns Time-Varying" (Lettau and
Ludvigson [2003] ). Moreover, investors may obtain the same information from alternative sources; for example, Guo and Savickas (2003) show that a measure of the (value-weighted) idiosyncratic volatility, which is available in real time, has forecasting abilities that are very similar to the consumption-wealth ratio. Consistent with Guo and Savickas, we also find qualitatively the same results in this paper by using their measure of the idiosyncratic volatility instead of the consumption-wealth ratio as a forecasting variable.
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Because the consumption-wealth ratio is reliably measured only on a quarterly basis, we use quarterly data over the period 1952:Q2 to 2002:Q4, the longest sample available to us when this paper was first written. The issue of data availability aside, we believe that quarterly data are more appropriate for the purpose of this paper than monthly data because stock returns exhibit stronger predictability at the quarterly frequency. We obtain the consumption-wealth ratio from
Martin Lettau at New York University, and Lettau and Ludvigson (2001a, 2003) provide detailed discussion on this variable. Following Merton (1980) , among many others, realized stock market variance is the sum of the squared deviation of the daily excess stock return from its quarterly average in a given quarter. 10 We use the daily stock market return data constructed by Schwert (1990) before July 1962 and use the value-weighted daily stock market return data from the Center of Research for Security Prices (CRSP) thereafter. The daily risk-free rate is not directly available, but we assume that it is constant within a given month and the monthly risk-free rate is also obtained from the CRSP. The stochastically detrended risk-free rate is the difference between the risk-free rate and its average over the previous four quarters: The quarterly risk-free rate is approximated by the sum of the monthly risk-free rate in a given quarter. We aggregate the CRSP monthly value-weighted stock market return into quarterly data through compounding and the excess stock market return is the different between stock market returns and the risk-free rate. Following exactly Guo and Savickas (2003) Similarly, equation (7) shows that, consistent with Guo and Savickas (2003) , the idiosyncratic volatility (IV) is also a strong predictor of stock market returns when combined with stock market variance. Given its similarity to the momentum strategy, we follow Jegadeesh and Titman (1993), among many others, in forming portfolios sorted on conditionally expected returns. In particular, we use all common stocks listed on the New York Stock Exchange (NYSE) and the American Stock Exchange (AMEX) in the CRSP files. However, unlike the early authors, who construct the momentum portfolios using monthly returns, we must rely on quarterly returns for the reason mentioned above. We aggregate the CRSP monthly stock returns into quarterly returns through compounding: If a stock has a missing monthly return in a quarter, we set the quarterly return to be a missing value. Therefore, it is important to verify that the momentum based on quarterly returns is similar to the momentum based on monthly returns. To investigate this issue, at the end of each quarter, we sort stocks into ten portfolios on returns in the previous two quarters, ranging from the portfolio of stocks with the lowest past returns (first decile) to the portfolio of stocks with the highest past returns (tenth decile). These portfolios are then held over the next two quarters. These specifications mimic the 6-month formation period and 6-month holding period, which are commonly used in the momentum literature. Table 1 provides summary statistics of the equal-weighted returns on portfolios formed on past returns. Over the period 1954:Q3 to 2002:Q4, the average returns increase monotonically from past losers (column 1) to past winners (column 10) and the difference between the tenth and first deciles (column 10-1) is a significant 9.2 percent per year. This number is very close to the momentum profit of 8.8 percent obtained from monthly return data. 12 We find very similar results in two subsamples as well. Moreover, Figure 1 shows that the momentum profit constructed from quarterly return data (dashed line) moves very closely with the momentum profit constructed from monthly return data, and their correlation coefficient is 0.98. Therefore, using quarterly data should not affect our inference about the momentum in any qualitative manner.
III. Empirical Results

A. Cross Section of Conditionally Expected Stock Returns
At the end of quarter t, we run an ordinary least-squares (OLS) regression of returns for each stock using the four predetermined variables, namely, the consumption-wealth ratio, realized stock market variance, the stochastically detrended risk-free rate, and past stock market returns, as in equation (2). Following CS, we require at least two years of observations in the regression. Given that our regression is intended to capture the systematic movement of individual stock prices, we exclude returns of 100 percent and above from the regression because these returns are driven mainly by idiosyncratic shocks. It should be noted that we do not exclude these returns for holding periods. We also allow the forecasting sample to increase over time because, as shown by Guo (2003a), our forecasting variables have a stable relation with stock returns and the longer sample allows us to obtain more reliable out-of-sample forecasts.
However, we find qualitatively the same results using a rolling sample of fixed number of observations, as in CS. 14 We then sort stocks equally into ten portfolios on this forecast, ranging from the portfolio of stocks with the lowest expected returns (first decile) to the portfolio of stocks with the highest expected returns (tenth decile). These portfolios are held over the next two quarters and Table 2 presents the summary statistics for the equal-weighted returns on the portfolios formed on conditionally expected returns. Over the period 1954:Q3 to 2002:Q4, the average portfolio returns increase monotonically from the first decile (column 1) to the tenth decile (column 10) and the difference between the two (column 10-1) is a significant 4.8 percent per year. We document very similar patterns in the two subsamples of Table 2 . These results confirm that the cross-sectional variations of stock returns are related to the time-series data through compounding. 13 Over the period January 1953 to December 1994, CS report an average adjusted R-squared of 3.5 percent. It is 9.8 percent in our data for a similar period 1954:Q3 to 1994:Q4.
14 Following CS, we do not include the intercept, $ , B i t 0 , in the conditionally expected return.
predictability of stock returns. Interestingly, compared with the momentum sorted on past returns, as reported in Table 1 , the momentum sorted on expected returns has a smaller mean but a higher t-value and thus a higher Sharpe ratio. This is because, as shown in Figure 3 , the latter (solid line) is much less volatile than the former (dashed line).
B. CAPM
In this subsection, we investigate the main issue of this paper: Whether the CAPM explains the cross-sectional variations of returns on portfolios formed on conditionally expected returns. Table 3 presents the results of Jensen's alpha test, in which we run an OLS regression of a portfolio return on constant and excess stock market returns. Under the null hypothesis that the CAPM is the true model, the intercept should not be statistically different from zero. Otherwise, a hedge for time-varying investment opportunities is also an important determinant of asset returns-or we need an ICAPM to explain the cross section of stock returns. Table 3 shows that stock market return (MKT) is highly significant in the regressions and accounts for 60-70 percent of variations of portfolio returns. Interestingly, except for the first and second deciles, market beta does increase monotonically-from the third decile to the tenth decile-and it makes a significantly positive contribution to the trading profit of buying expected winners and selling expected losers (column 10-1). This pattern confirms that a stock has a relatively high return because of it relatively large covariance with stock market returns.
However, the CAPM fails dramatically to explain the portfolio returns: Seven of ten portfolios have intercepts that are significantly larger than zero at the 5 percent level. Also, the trading profit of buying expected winners and selling expected losers is a significant 3.6 percent per year, after being adjusted for stock market risk. The last row reports the Gibbons et al. (GRS, 1989) test that the intercepts of the decile portfolios are jointly zero and the null hypotheses is rejected at the 1 percent significance level. Therefore, our results provide an overwhelming rejection for the CAPM and highlight the importance of intertemporal pricing.
C. Fama and French Three-Factor Model
In this subsection, we investigate whether the Fama and French three-factor model explains returns on portfolios formed on conditionally expected returns. 15 Table 4 presents the Jensen's alpha test for the Fama and French three-factor model and we observe some significant improvements in explaining returns on the ten portfolios formed on conditionally expected returns. First, in addition to a stock market return, the other two factors, the value premium (HML) and the size premium (SMB), are also significantly correlated with returns on all decile portfolios. Second, the adjusted R-squared increases substantially from about 70 percent in Table   3 to over 90 percent. Third and more importantly, the intercepts are statistically insignificant except the first decile, which is significantly negative. Therefore, the size premium (SMB) and value-premium (HML) help explain the cross section of conditionally expected returns. This result should not be too surprising because, as pointed by Berk (1995) , the capitalization and the book-to-market ratio incorporate information about future returns. Our results suggest that we might not attribute the value and size premiums to data snooping or irrational pricing because they are correlated with returns on the portfolios that track investment opportunities.
Nevertheless, the Fama and French three-factor model does not fully account for the crosssectional variations of the portfolio returns since the difference between the tenth and first 15 We obtain the size and value premiums as well as the momentum factor used in the next subsection from Ken French at Dartmonth College.
deciles is still a significant 4 percent per year in Table 4 . Also, the GRS test rejects the Fama and
French three-factor model at the 5 percent significant level. and first deciles (column 10-1) and the contribution is significant for the momentum profit (WML) and the size premium (SMB) and marginally significant for stock market returns (MKT).
D. Four-Factor Model
E. Robustness
In Table 6 , we investigate whether our results are sensitive to microstructure issues addressed by Cooper et al. (2003) , among others. In particular, we drop stocks that have prices less than one dollar at the end of the formation period and skip one quarter between formation and holding periods. The second specification also reflects the fact that the macrovariables used to construct the consumption-wealth ratio are available with a one-month delay. Table 6 shows that our results are essentially unchanged after we take into account these microstructure concerns.
In Table 7 , we use a rolling sample of ten-year observations instead of the expanding sample. Again, we find that the portfolio returns increase monotonically from the first decile (with the lowest expected returns) to the tenth decile (with the highest expected returns). Also, the decile portfolios provide a serious challenge to the CAPM: Jensen's alfa is significant in 7 of 11 cases and the GRS test rejects the null hypothesis that the intercepts are jointly insignificant at the 5 percent level. The trading profit of buying expected winners and selling expected losers remains significantly positive after we control for Fama and French's three factors, while it becomes insignificant for Carhart's (1997) four-factor model. However, the GRS test indicates that the Fama and French three-factor model explains the cross section of stock returns better than the Carhart four-factor model does.
In Table 8 , we use the idiosyncratic volatility constructed by Guo and Savickas (2003) instead of the consumption-wealth ratio to forecast individual stock returns. Again, the results are very similar to those reported in the preceding subsections, in which we use the consumptionwealth ratio as a forecasting variable. This result is particularly interestingly because as mentioned above, unlike the consumption-wealth ratio, the idiosyncratic volatility is reliably available in real time.
F. Momentum and Cross-Sectional Variations of Conditionally Expected Returns
CS show that the momentum profit vanishes if we control for the expected component of past returns and thus argue that the momentum profit is explained by the cross-sectional variations of conditionally expected returns. Their analysis, however, has several difficulties. Cooper et al. (2003) show that their results are sensitive to microstructure concerns, e.g., excluding the stocks that have prices less than one dollar at the end of the formation period and/or skipping one month between formation and holding periods. Also, Chen (2002) and Griffins et al. (2003) find that the forecasting variables used by CS do not explain the momentum profit in multi-factor models. One possible explanation for the conflicting results is that, as pointed out by Bossaerts and Hillion (1999) , Ang and Bekaert (2003) , and Goyal and Welch (2003) , among others, the forecasting variables used by CS have poor out-of-sample predictive power for stock returns. To investigate this issue, we try to replicate the results in CS using the forecasting variables adopted in this paper. This investigation is interesting also because, in contrast with Chen (2002) , Guo (2002) shows that our macrovariables help explain the momentum profit in a variant of Campbell's (1993) ICAPM.
In particular, we perform two independent sorts into quintiles by (1) returns in past two quarters and (2) one-quarter-ahead forecast. It should be noted that our approach differs from that in CS in two dimensions. First, we use a one-quarter-ahead forecast as a proxy for conditionally expected returns, while CS use the conditionally expected component of past returns. Our specification, which is also advocated by Cooper et al. (2003) , is appropriate because it is directly motivated from recent theoretical works, e.g., Berk et al. (1999) and
Johnson (2002), among others. Second, we use independent sorts rather than the sequential sorts in CS, e.g., first by expected returns and then by raw returns. However, we find qualitatively the same results using the sequential sorts. Table 9 reports returns on the 25 portfolios, which are the intersections of two independent sorts on past returns and expected returns. Portfolios sorted on past returns are in columns, ranging from the portfolio of stocks with the lowest past returns (column 1) to portfolio of stocks with the highest past returns (column 5). Portfolios sorted on expected returns are in rows, ranging from the portfolio of stocks with the lowest expected returns (row 1) to the portfolio of stocks with the highest expected returns (row 5). Therefore, portfolios in the same column have similar past returns and portfolios in the same row have similar expected returns.
We find that, after we control for past returns, the average return on the portfolio of stocks with the highest expected returns (row 5) is significantly higher than the average return on the portfolio of stocks with the lowest expected returns (row 1) in columns 3, 4, and 5. Similarly, after we control for expected returns, the average return on the portfolio of stocks with the highest past returns (column 5) is significantly higher than the average return on the portfolio of stocks with the lowest past returns (column 1) in rows 4 and 5. Therefore, consistent with the results in Table 5 , the portfolios sorted on expected return are related to the portfolios sorted on past returns. However, in contrast with CS, Table 9 shows that the momentum is not completely explained by the cross-sectional variations in expected returns and vice versa.
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Of course, this result does not imply that our forecasting variables are not related to the momentum profit: Table 10 shows that the consumption-wealth ratio and realized stock market volatility are strong predictors of the momentum profit reported in Table 1 . 17 Rather, it reflects the fact that, as shown in Table 5 , the momentum is only one of the priced risk factors and thus does not fully explain the cross-sectional variations in conditionally expected returns, which also reflect loadings on the other risk factors in an ICAPM. In other words, although the exercise in Table 9 provides an interesting link between the momentum and the conditionally expected stock returns, it is not a formal test of such relation and thus should be interpreted with caution. 16 We confirm the results by Cooper et al. (2003) that the momentum profit becomes more significant in the double sorts if we (1) exclude the stocks that have prices less than one dollar at the end of the formation period and/or (2) skip one quarter between the formation and holding periods. 
G. Portfolio Performance over Long Horizons
Jegadeesh and Titman (2001) show that returns on the momentum strategy turn negative if we increase the holding periods. We find a similar pattern using the momentum profit constructed from quarterly return data. As shown in Figure 4 , the momentum profit initially rises and then falls with the holding periods and it turns negative after 14 quarters. While Jegadeesh and Titman (2001) suggest that this result is consistent with behavioral models of Daniel et al. (1998) and Hong and Stein (1999) , it is also consistent with the cross-sectional variations in conditionally expected returns if expected returns follow a mean-reverting process. For example, after a positive (negative) shock to its expected return, a stock initially has above (below) average returns but reverts to the average in the long run. Figure 5 shows that the momentum profit sorted on expected returns first rises and then falls with holding periods: It is significantly positive only for the first 5 quarters.
IV. Conclusion
There is a large amount of evidence that the CAPM does not explain the cross section of stock returns. However, the CAPM is alive and well because the failure of the CAPM reflects two things: (1) irrational pricing or data snooping and (2) ICAPM, and financial economists disagree on which explanation is closer to reality. In this paper, we provide some new insights on this controversy by forming portfolios on conditionally expected returns, which is motivated from ICAPM and thus not vulnerable to the criticisms of irrational pricing and data snooping.
We find support for the intertemporal pricing because the CAPM fails to explain returns on these portfolios.
In contrast with recent work by Chordia and Shivakumar (2002) , the momentum profit remains significant after we control for conditionally expected returns. This is because the momentum profit is only one of the risk factors and the cross section of conditionally expected returns also reflects the dispersion of loadings on other risk factors.
We also find that returns on the decile portfolios sorted on expected returns are significantly correlated with the size and value premiums as well as the momentum profit. In particular, they appear to be explained by Carhart's (1997) four-factor model. These results suggest that the CAPM anomalies cannot be attributed entirely to data snooping and irrational pricing. However, it is important to note that our results do not lead to the conclusion that the CAPM anomalies are fully explained by rational pricing or that Carhart's four-factor model is the replacement for the CAPM. These issues can be properly addressed only in the context of a fully fledged ICAPM, and Brennan et al. (2003) and Campbell and Vuolteenaho (2003) , among others, have provided some tentative and interesting results. We believe that further investigation along these lines show promise for uncovering the risk-return tradeoff in the stock market. Note: The table reports summary statistics of returns on portfolios formed on past returns. At the end of each quarter t, we sort stocks equally into ten portfolios on returns in the past two quarters, ranging from the portfolio of stocks with the lowest past returns (first decile) to the portfolio of stocks with the highest past returns (tenth decile). These portfolios are held over the next two quarters. The last column is the momentum profit of buying past winners (column 10) and selling past losers (column 1). Table 2 . T-statistics are reported in the parentheses and bold denotes significant at the 5 percent level. See note of Table 2 for details about the portfolios. GRS is the Gibbons, Ross, and Shanken (1989) test for the null hypothesis that the intercepts are jointly equal to zero for the decile portfolios and the associated p-value is in parentheses. Fama and French (1993) three-factor model using portfolios formed on conditionally expected returns, as reported in Table 2 . T-statistics are reported in the parentheses and bold denotes significant at the 5 percent level. See note of Table 2 for details about the portfolios. GRS is the Gibbons, Ross, and Shanken (1989) test for the null hypothesis that the intercepts are jointly equal to zero for the decile portfolios and the associated p-value is in parentheses. Fama and French (1993) three-factor model augmented by a momentum factor using portfolios formed on conditionally expected returns, as reported on Table 2 . T-statistics are reported in the parentheses and bold denotes significant at the 5 percent level. See note of Table 2 for details about the portfolios. GRS is the Gibbons, Ross, and Shanken (1989) test for the null hypothesis that the intercepts are jointly equal to zero for the decile portfolios and the associated p-value is in parentheses. Table 2 except that (1) we exclude stocks with a price less than $1 at the end of the formation period and (2) skip a quarter between formation and holding periods. See notes of Tables 2-5 for other information. Table 2 except that we use the idiosyncratic volatility constructed by Guo and Savickas (2003) (5)- (1)) 1.62 1.32 2.59 2.20 3.08
Note: The table reports returns on the 25 portfolios, which are the intersections of the two independent sorts on past returns and expected returns. Portfolios sorted on past returns are in columns, ranging from the portfolio of stocks with the lowest past returns (column 1) to the portfolio of stocks with the highest past returns (column 5). Portfolios sorted on expected returns are in rows, ranging from the portfolio of stocks with the lowest expected returns (row 1) to the portfolio of stocks with the highest expected returns (row 5).
Bold denotes that the difference between returns on two portfolios is significant at the 5 percent level. 
